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AbstrAct
In parallel with the increase of various mobile 
technologies, the MSN service has brought us 
into an era of mobile social big data, where peo-
ple are creating new social data every second and 
everywhere. It is of vital importance for business-
es, governments, and institutions to understand 
how peoples’ behaviors in the online cyberspace 
can affect the underlying computer network, or 
their offline behaviors at large. To study this prob-
lem, we collect a dataset from WeChat Moments, 
called WeChatNet, which involves 25,133,330 
WeChat users with 246,369,415 records of link 
reposting on their pages. We revisit three network 
applications based on the data analytics over 
WeChatNet, i.e., the information dissemination 
in mobile cellular networks, the network traffic 
prediction in backbone networks, and the mobile 
population distribution projection. We also dis-
cuss the potential research opportunities for 
developing new applications using the released 
dataset.
IntroductIon
In the past decade, the widespread use of social 
network has greatly enriched the daily lives of 
people, providing new forms of entertainment 
and constructing new types of relationships. 
According to a recent report from GWI on the 
daily time spent on social networks, people tend 
to spend more than two hours on social network-
ing. Researchers from Stanford have proposed a 
network analysis and graph mining library, named 
SNAP (http://snap.stanford.edu/), to help compu-
tationally analyze the network structure.
Owing to the furious rate at which proprietary 
mobile technologies and networks evolve, the 
mobile social network (MSN) service arises with 
a new era of mobile social big data, where users 
could conveniently converse and connect with 
others, and create new social data every second, 
everywhere through their mobile devices [1]. 
Compared with the web-based social network, 
MSNs provide more opportunities for dedicated 
use in mobile and wireless networks, for example, 
location-based services, mobile communication, 
and augmented reality. However, due to the lack 
of promising datasets, only a few research works 
have focused on the new MSN.
A tAxonomy of mobIle socIAl network ApplIcAtIons
The interpersonal tie in social networks, a.k.a. the 
social tie, is defined as the information-carrying 
connection among social circles [2], with which 
they exchange and forward various kinds of infor-
mation [3]. The strength of the social-tie between 
two people can be evaluated by how frequently 
they communicate with each other via any online 
and/or offline channel.
There are two broad categories of mobile 
social network applications, based on the strength 
of the social-tie between users.
One-Way Following on MSN Among Strang-
ers: On Twitter or Weibo, following someone 
is not mutual. One can follow you without your 
approval (by default), and you do not have to fol-
low them back. For example, a celebrity may have 
millions of Twitter or Weibo followers, most of 
whom they do not know in real life.
Mutual-Following on MSN Between Friends: 
On Facebook, two friends mutually follow each 
other if one approves the other’s friend request. 
Meanwhile, Facebook also allows users to have 
one-way following of a page set up by businesses, 
organizations, and brands that allow everybody to 
follow. Meanwhile, social instant messenger appli-
cations, such as WhatsApp, WeChat,1 and Line, 
require mutual-following between two acquain-
tances, and allow them to send instant messages to 
each other, instead of using the conventional SMS.
Two users with a mutual-following relationship 
usually have a stronger social tie than two users 
with only one-way following between them; two 
users connected by a social instant messenger may 
communicate with each other more frequently than 
those who only follow each other on the MSN with-
out messaging. Many MSN applications have incu-
bated their own messenger app, such as Facebook 
Messenger and direct message on Twitter.
new feAtures of wechAt
In WeChat, friends not only send instant messages 
to each other, but also have access to each oth-
er’s page, i.e., the page of “WeChat Moments” 
(WM), or the friend circle page. WM not only 
takes advantage of web-based social network ser-
vices, but also adds the following new features 
that may delight users.
Keep Strong Social Tie — No Access to Strang-
ers’ Page on WM: The MSN and messenger apps 
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have defined different access policies to one’s 
page, which affects the information diffusion pro-
cess in various ways. On Twitter, one’s page is 
open for anyone’s access (by default). The path of 
retweeting is visible to everyone, and it is easy to 
follow anyone over the retweeting path. In WM, 
two users cannot see each other’s page if they are 
not connected as friends, and there is no visible 
path of retweeting (reposting) a message, and no 
one has an idea about where the message is from.
Selected Content Display — Private Content 
Displayed to Selected Friends: In certain scenar-
ios over WM, there exists content that would 
be better to be exposed only to selected close 
friends, which should not be viewed and repost-
ed by other friends (e.g., no access to strangers’ 
page). This kind of private content is only shared 
among selected close friends, which further 
strengthens the social tie among these friends.
Group Chat — A Way of Approaching The 
Unfamiliars: As an instant messenger, WeChat 
provides the group chat function for strangers 
to converse, as every user can join a group by 
clicking a group link, scanning a QR code, or 
being invited by an existing group member. Also, 
two members in the same group do not have to 
be friends (e.g., they are invited by two different 
members in this group). Users could send texts, 
pictures, video/voice clips, and links to HTML5 
pages into the group, which has become a pop-
ular way to propagandize online/offline activities.
chAllenges In dAtA AnAlytIcs for network ApplIcAtIons
Businesses, governments, and institutions are inter-
ested in data analytics to understand how peoples’ 
online behaviors in the MSN can affect the under-
lying computer network, or their offline behaviors 
at large. However, new challenges may arise when 
we revisit the following problems, because the 
access control policy (e.g., no access to strangers’ 
page, private content) in WM confines the infor-
mation diffusion among “acquaintances,” which 
reduces the chance that a post is exposed to 
strangers as well as the probability of reposting.
Information Dissemination in Mobile Cellu-
lar Networks: Information dissemination from 
one user to others in mobile cellular networks 
depends on the reliability of connections among 
cellular users (e.g., device-to-device connections). 
It is a challenging problem as we have no idea 
about the quality of connections among them. 
Meanwhile, we observe that information diffusion 
over the MSN receives a high probability of suc-
cess, as MSN services can easily stimulate users to 
share information and messages with their loved 
ones while on-the-go. Hence, it will be interesting 
to investigate whether there exist influential users 
that have high-quality connections to help dissem-
inate information in cellular networks.
Backbone Network Traffic Prediction: Offline 
locations of MSN users can be predicted by 
mining their periodic behaviors. Human move-
ment and mobility patterns have a high degree 
of freedom and variation, but they can still exhib-
it structural patterns due to geographical and 
social constraints. Accordingly, user migration 
may cause a change in the backbone network 
traffic distribution, e.g., locations that have a high 
density of mobile users should be allocated with 
more backbone network resources. The traffic 
distribution of the backbone network depends 
on users’ movement, and also correlates to how 
frequently they repost from friends. Online inter-
action frequency is an important indicator of the 
social tie among users in WM, which requires a 
fine-grained analysis to better allocate resources 
in the underlying backbone network.
Projecting Mobile Population Distribution: 
The online behaviors of users (e.g., reposting a 
link) may reflect certain geographical attributes. 
We could then conjecture that there lies a geo-ho-
mophily between an MSN and an offline mobile 
network. When large-scale migration (during 
Spring Festival in China, or winter/summer vaca-
tions) happens, changes in the structure of the 
social network could be monitored. Therefore, 
it is important for businesses to predict how the 
mobile population distribution varies, in order to 
deploy appropriate regional marketing strategies, 
or provide personalized recommendations for 
users at home, at work, or on travel.
In this article, we collect a dataset from WeChat 
Moments, called WeChatNet [4], which involves 
25,133,330 WeChat users with 246,369,415 records 
of link reposting on their pages, from January 14 to 
February 27, 2016. This is the first released big data-
set of WeChat Moments on users’ reposting behav-
iors. We revisit three network applications based on 
the data analytics over WeChatNet. We first present 
a voting strategy that finds the most influential users 
for information dissemination in mobile cellular net-
works. By observing the interaction between friends 
in time and spatial domains, we predict the traffic 
load in the underlying backbone network with a 
prediction accuracy rate of over 90 percent, which 
yields a near optimal resource allocation (i.e., the 
server placement in the underlying backbone net-
work). Based on the location of users who view and 
repost a link in WM, we propose a model to project 
the distribution of the floating population. We fur-
ther discuss the potential research opportunities for 
developing new applications using the WeChatNet 
dataset we release.
dAtAset collectIon
wechAtnet dAtAset
As mobile social networks are usually developed 
on mobile devices, conventional web pages may 
not provide good visual experience. HMTL5 is a 
promising way to adapt to the different screen 
sizes of mobile devices. WeChat provides sever-
al interfaces officially to help developers design 
HTML5 pages. Users can then easily get access 
to the page content, and repost those interesting 
pages to their friends through the MSN like WM.
In the WM network, the links shared/posted 
by users usually lead to a post in HTML5 (H5). 
Such WM posts provide users with interactive 
operations such as an online greeting card, a 
lightweight online game (e.g., flappy birds), psy-
chological tests, and so on. A WM post can be 
released by the WM service provider (Tencent), 
or a third-party web developer.
HMTL5 is a promising way to adapt to the different screen sizes of mobile devices. WeChat provides 
several interfaces to help developers design HTML5 pages. Users can then easily get access to the 
page content, and repost those interesting pages to their friends through the MSN like WM.
IEEE Network • Accepted for Publication3
WM Data Collection: Our goal is to collect the 
statistics of WM post diffusions. We use the Appli-
cation Programming Interface (API) provided by a 
business WM page creator platform, FIBODATA 
(http://www.fibodata.com/), for crawling diffusion 
trails of pages created over the platform. Based 
on the collected data, we are able to construct a 
diffusion graph for each posted WM page. The 
dataset contains about 320,000 pages created by 
businesses from January 14, 2016 to February 27, 
2016, which involves 25,133,330 Wechat users 
with 246,369,415 link retweeting records.2
Information Diffusion Process: Suppose that 
users i and j are friends in the WM network. 
When user i shares the link of a WM post with 
his friends, user j may click the shared link to 
view the content of this post. If user j finds this 
post interesting, he may further repost the link 
to his friends, so that more users would have the 
chance to view this WM post. As this process is 
similar to the spread of infection:
• We call a user an infected user of a WM post 
if he views the post.
• We call a user an infectious user of a WM post 
if he views the post and reposts the post link.
Post View Record: A post view record in our 
dataset is a 5-tuple in the following format:
<U1, U2, PID, IP, t>,
where U1 is the ID of the user whose post gets 
viewed; U2 is the ID of the user who views the 
post by user U1; PID is the ID of the WM post 
that is assigned by the WM post creator platform; 
IP is the IP address of the post viewer, that is, user 
U2’s IP address; and t is the time when the post 
view happens. The whole tuple records the post 
view event that user U2 at the address IP at time t 
views post PID of user U1.
compArIson of msn ApplIcAtIons
In Table 1, we compare five most representa-
tive social network applications, including instant 
messengers. We can clearly see that Twitter and 
Weibo serve mostly as social networks, while 
WhatsApp serves mostly as an instant messenger; 
Facebook (Messenger) and WeChat have com-
bined both social networking and instant mes-
sengers. WeChat Moments appears as a mobile 
social network with many noteworthy features.
First, WM takes advantage of the influential 
users (accounts) in the social network, and pro-
poses Subscription Accounts, where companies or 
individuals could edit web pages and push to the 
followers. This function has been proved to have 
great impact to attract users’ attention. Second, 
WM inherits the benefits of strong social ties of 
the instant messenger. The relationship between 
users in instant messenger (WeChat) is bidirec-
tional rather than one-way following (Weibo). 
The relationship is also private, which means that 
strangers have no access to the information of 
certain users if they are not friends (i.e., no access 
to stranger’s pages). This could be a double-edged 
sword for commercials, for instance, the advertise-
ment may profit from the communication over 
TABLE 1. Comparison of social network services: Twitter, Weibo, Facebook, WeChat, and WhatsApp. Statis-
tics in the table are collected as of July 31, 2017.
Service category Service name Twitter Weibo Facebook WeChat WhatsApp
Social networking 
services
Video sharing P P P P ×
Personal page P P P P ×
Post search P P P P ×
Favorite post save × × P P ×
Access to pages of non-friends P P P × n/a
Messenger services
Limit on # of followers/friends No limit No limit 5000 5000 No limit
Video/audio chat × × P P P
Group messaging × P P P P
Sending location × × P P P
Voice messaging × × P P P
Miscellaneous services
Mobile payment × × P P ×
Video games × P P P ×
Offline services (taxi, ticket, etc.) × × × P ×
Shopping × P P P ×
2 We release a WM dataset 
over https://github.com/
pkumobile/WMdata. This 
dataset will be updated by 
crawling more recent data via 
FIBODATA.
We can see that Twitter and Weibo serve mostly as social networks, while WhatsApp serves mostly 
as an instant messenger; Facebook (Messenger) and WeChat have combined social networking and 
instant messengers. WeChat Moments appears as a mobile social network with many features.
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strongly-tied friends, while the advertisement may 
have the difficulty of being spread widely and the 
business cannot obtain a long reposting path in 
most cases. Third, WeChat exploits the superiority 
of group chat. The HTML5 page with abstract 
content instead of the URL address can be posted 
into the group chatting window, making it easier 
for users to acquire information. Fourth, WeChat 
is also unique in its connection to offline services, 
like ordering food delivery, calling a cab, obtain-
ing coupons by scanning QR-code, and so on.
In this article, we study the impact of online 
reposting behaviors of users over the underlying 
computer networks, and we showcase three typ-
ical network applications using the WeChatNet 
dataset, as illustrated in Fig. 1.
InformAtIon dIssemInAtIon In 
mobIle cellulAr networks
The reposting behaviors of users can form an 
information diffusion graph, and we could analyze 
the social influence over the network connections 
among users, which helps information dissemina-
tion in mobile cellular networks.
selectIng the most InfluentIAl user
The quality of experience in mobile cellular networks 
can be largely affected by the reliability of connec-
tions among cellular users/devices (e.g., device-to-
device connections) [5, 6]. For example, the more 
high-quality connections one has, the more-wide-
ly they can spread the information to other users/
devices. In this study, we are interested in finding 
the most influential user who can best help dissemi-
nate information in mobile cellular networks.
In the same geographical community, the con-
nection graph of mobile cellular users can be built 
on the basis of the information diffusion graph in 
the mobile social network. Hence, we can transform 
the problem of selecting the most influential user in 
mobile cellular networks to that of finding key opin-
ion leaders (KOLs) in mobile social networks.
ImplementAtIon by the VotIng strAtegy
The KOL with millions of followers (or a large 
number of friends) shows a strong social tie in the 
MSN, and they may have the power to help spread 
information for online marketing/advertising. For 
example, businesses usually invite selected con-
sumers to advise the product by trials or rewards 
through Subscription Accounts of WeChat. These 
consumers should be KOLs so that the influence of 
the advertisement could be maximized. A user with 
millions of followers on Twitter or Weibo should 
be a KOL. However, in WM, it is challenging to 
detect a KOL by counting the number of their 
friends, because most users in WM only have a 
limited number of friends, and WM has imposed a 
maximum number of friends that one can connect 
to. Even a celebrity may only have approximately 
hundreds of friends in WM.
The information diffusion process of a mobile 
social network can be abstracted by an Inde-
pendent Cascade (IC) model [7]: when a user 
becomes active (they receive a message), they 
have a single chance of activating each currently-in-
active neighbor (who has not received the mes-
sage) with a probability determined by interests, 
relationships, and so on. Instead of counting the 
number of their friends, we present a voting-based 
strategy that selects influential nodes by looking 
at the user’s local contribution to the information 
diffusion process, which is different from existing 
greedy solutions using Lazy Evaluation strategies 
that tend to seek nodes with a large marginal influ-
ence. The voting-based strategy works as follow. 
First, it tries to identify those major diffusion trees 
for the information diffusion process. Then, in each 
diffusion tree, each offspring node can vote for its 
father nodes as the WM page is diffused from the 
father nodes to the offspring node. After repeating 
these steps multiple times, the number of votes 
received by a node in the diffusion tree indicates 
the influence of the node in the network.
In WM, the size of the diffusion graph/tree 
could be very large, and we cannot enumerate 
all diffusion trees or nodes for executing the vot-
ing operations [7]. Hence, we leverage the Gibbs 
Sampling technique to complete the above voting 
process within a limited time period. There are two 
parameters in this strategy, simply speaking, we 
need to sample a number of R1 diffusion trees; for 
each selected tree, we execute a number of R2 vot-
ing operations. Let S denote the set of K influential 
users that we find by using the voting strategy, and 
let s(S) denote the calculated influence of the set S.
We use the data on January 14, 2016, and Fig. 
2a shows the influence value of S under the voting 
strategy by varying R1, while K = 100, R2 = 100000. 
The green line represents the performance of the 
conventional greedy algorithm that chooses the 
user who will bring the greatest marginal value (the 
greatest increase in s(S)) as the KOL, when K = 
100. We observe that as R1 grows, the variance of 
s(S) starts decreasing until it reaches a stable value. 
The influence value of S under the voting strategy 
is greater than that under the greedy one, when R1 
FIGURE 1. Three typical network applications based on the data analytics over the 
WeChatNet dataset.
Predict backbone
network traffic
Mobile social
network
Information
dissemination
Project mobile
population
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is greater than 200. Given K = 100, R1 = 500, the 
s(S) rises as R2 increases, while the variance implies 
that the enumeration is quite random if R2 is small. 
Similar to results in Fig. 2a, the influence value of 
S reaches a stable value under the voting strategy 
when log10(R2) is greater than 4.
profIlIng trAffIc dIstrIbutIon In 
bAckbone networks
People prefer communicating with each other, shar-
ing videos/images with friends, through MSN like 
WeChat. Therefore, mobile social network messag-
ing could partially reflect network traffic. By observ-
ing the interaction between friends over WeChat in 
time and spatial domains, it is feasible to predict the 
traffic load in the underlying network, and present a 
reverse greedy strategy to better place servers and 
balance the traffic load in the network.
from communIcAtIon pAttern to trAffIc predIctIon
We model the communication pattern of WeChat 
users as a Markov random field and compute the 
communication distance between two users. With 
communication distance and frequency, we can 
predict the traffic generated by an online MSN in 
the underlying network.
To validate the model, we utilize the data of 
the first 19 days in the dataset as the training set 
to train the model. The data in the following five 
days are used for testing the performance of the 
prediction model. Figures 3a and 3b show the 
real/predicted communication distance, and the 
real/predicted traffic load, where we observe that 
the model could do the prediction quite well, with 
an error rate lower than 10 percent.
trAffIc optImIzAtIon And serVer plAcement
We then design a heuristic approach, called the 
reverse greedy strategy, to ease the traffic load 
generated by WeChat communications. The 
goal of traffic optimization is to reallocate net-
work resources (the servers) at proper locations 
to shorten the communication distance between 
users. Intuitively, we can select the location that 
can bring the most reduction in the generated 
traffic load in a greedy manner.
We use the backbone network graph of China 
Unicom and China Telecom to emulate the per-
formance of the reverse greedy strategy. We 
enumerate all the possible combinations of serv-
er placement in the graph, calculate the resulting 
traffic load, and choose the case with the least load 
as the “optimal” solution. Figures 3c and 3d show 
that the reverse greedy strategy can achieve the 
near optimal result in the two backbone network 
graphs, while the performance of the naive greedy 
strategy is inferior. In addition, the curves for the 
optimal and the reverse greedy strategy become 
flat gradually after placing five servers, which 
implies that replacing five servers is sufficient to 
reduce most of the traffic. We also visually display 
the results of server replacement of the two greedy 
strategies and the optimal solution in Figs. 3e, 3f, 
and 3g, where the result of the reverse greedy 
strategy is quite similar to that of the optimal solu-
tion, and the naive greedy strategy fails to consider 
the nationwide replacement of servers.
projectIng mobIle populAtIon dIstrIbutIon
Projecting the population distribution in geograph-
ic regions is important for many applications such 
as launching marketing campaigns or enhancing 
public safety in certain densely populated areas. 
Conventional studies require the collection of 
people’s trajectory data through offline means, 
which is limited in terms of cost and data availabil-
ity. The wide use of MSN apps over smartphones 
has provided the opportunity to devise a light-
weight approach of conducting the study using 
the online data of smartphone apps [8].
modelIng geo-homophIly
A division of geographical regions is stable only 
if the MSN users in these divided regions show a 
strong geo-homophily, i.e., people in each region 
prefer communicating with others in the same 
region more than with those in other regions. 
These inspire us to investigate the relationship 
between online information diffusion, that is, users’ 
communication in MSN, and the population dis-
tribution over a fixed division of offline regions. 
Intuitively, we can use the geo-location of mes-
sages among MSN users to derive the user distri-
bution over the given regions. Then, the floating 
population across regions can be further inferred 
based on the derived distribution, which could be 
explained by the Dirichlet Process Mixture.
geo-homophIly In wm
The dataset records the users’ re-tweeting in 34 
provinces in China, and we use these provinces as 
the geographic regions in this experiment. Every 
user in WM should have viewed a collection of 
pages, and each page view’s IP address resides 
in a province, among which the most frequently 
recorded one is set as the province where the user 
is located. We analyze the message diffusion pro-
cess in two time periods. Before Spring Festival, we 
monitor the message diffusion from January 14 to 
January 31, 2016, which includes pre-holiday work-
ing and weekend days. On the Spring Festival day, 
most people stay at home, and hence the structure 
of the message diffusion graph would be different.
Figure 4a shows the volume of message diffusion 
inside each province and that between every pair of 
provinces of China, where the amount of message 
diffusion inside a province is proportional to the size 
of the corresponding circle, and the amount between 
provinces is represented by the length of arcs.
The results indicate that most of the diffusions 
occur inside provinces, so the arcs are relatively 
sparse. In particular, there lies no arc between some 
FIGURE 2. The experimental results of the voting-based strategy in finding the 
most influential users: a) s(S) vs. R1, the number of samples diffusion trees; 
b) s(S) vs. R2, the number of votes for each tree.
R1
1 10 50 200 500
(a)
(b)
1000
(S
)
5000
5500
6000
log10 (R2)
0 1 2 3 4 5 6
(S
)
1000
2000
3000
4000
5000
6000
 
IEEE Network • Accepted for Publication 6
pairs of circles in this figure, which does not mean 
that there is no message diffusion between the cor-
responding two provinces, but implies that the mes-
sage diffusion between them is much weaker than 
that between those pairs of circles having arcs. For 
example, there were only hundreds of message dif-
fusions between Tibet and Taiwan in the dataset; 
in contrast, several millions of message diffusions 
occur between Beijing and Guangdong. This can 
be explained by the fact that those provinces are at 
distant locations, or they have little communication 
with most provinces in mainland China.
On the Spring Festival holiday, most people 
stay with their families in their home province. 
The graph structure changes, as most of the mes-
sages are sent for appointments and greetings, 
and these diffusions mainly took place between 
friends in the same vicinity. Thus, the propor-
tion of the diffusion inside regions increases. The 
graph structure is illustrated in Fig. 4b, where 
some inter-province arcs disappear.
Then we obtain a chaotic segregation, which 
can hardly be said to have any geo-homophily. The 
number of message diffusions inside and across 
these regions is shown in Fig. 4c. Compared to Fig. 
4a, under the same scale of plotting, the distribu-
tion of circles representing regions is very dense, 
and most of circles’ sizes are similarly small.
When considering the diffusion of a single 
page, we find that it will be reposted many times 
in the home region of the sender, while it may be 
sent to only a few non-home regions; those diffu-
sions across regions take up only a small part. For 
example, in Fig. 5a we illustrate the distribution 
of views to a message with approximately one 
million views, where the message is originally sent 
from the region of Beijing.
We then evaluate the performance of the Dirichlet 
Process on the WeChatNet dataset, and compare 
it against the results of the latest national population 
census in China (http://www.stats.gov.cn/tjsj/pcsj/
FIGURE 3. Evaluation results on network traffic optimization: a) the predicted average communication dis-
tance; b) the predicted traffic load; c) performance of the location selection strategy on China Unicom 
network; d) performance of the location selection strategy on China Telecom network; e) results of the 
optimal strategy for placing five servers; f) results of the reverse greedy strategy for placing five servers; 
g) result of the naive greedy algorithm for placing five servers.
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When considering the diffusion of a single page, we find that it will be reposted many times in the 
home region of the sender, while it may be sent to only a few non-home regions; those diffusions 
across regions take up only a small part.
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rkpc/6rp/indexch.htm), which provides us the statis-
tics of floating population in China. Here, the float-
ing population (FP) in our experiments has excluded 
those whose home and remote regions are the same 
(e.g., those who rarely move out of the home region, 
as the work place and the home belong to the same 
region). As shown in Fig. 5b, there lies a linear cor-
relation between the real floating population and the 
predicted value by the Dirichlet Process.
reseArch opportunItIes
Structure of New Social Networks: We have 
discussed that the structure of the new MSN (e.g., 
WM) is different from that of the blog-like social 
network. It would be interesting to investigate in 
more depth the reasons why WM becomes dif-
ferent from other social networks. The data of 
WM provides new opportunities to explore the 
evolution of this new type of social network. For 
instance, the network representation of WM can 
recognize the similarity between users and predict 
potential links [9] in the social network that may 
not be easily obtained in the diffusion graph.
Marketing in Dynamic Diffusion Graph: Mar-
keting is the most prevalent business model in 
online social network services. Our previous 
works have analyzed the results in the static diffu-
sion graph. However, in a longer time period, the 
role or the influence of users in the social network 
may change, and it would be interesting to study 
the social tie between friends in a dynamic diffu-
sion graph. Moreover, the analysis on the effects 
of extrinsic rewards (e.g., the advertisement view-
ing duration), and on friend-sourcing [10] could 
contribute to the marketing strategy as well.
Understanding More Demographic Results: 
WM has been proven to have the ability to profile 
traffic distribution and to project population dis-
tribution, and indeed, the dataset can be used to 
understand more demographic results by observ-
ing the interaction among people, such as how to 
identify a user in the social network with incom-
plete knowledge about his friends [11].
Spam Detection: The MSN facilitates the ubiqui-
tous access to news/messages for everybody. Howev-
er, rumors and cyber-violence are also easy to spread, 
breaking the right of legal citizens. We could analyze 
the network elements, that is, the influence and vulner-
ability of users (by resembling mean opinion score) in 
the group and the confidence of links (by resembling 
stability), to help detect seditious news/messages [12], 
and prevent them from spreading.
Privacy Leakage: Along with the wide spread 
of mobile social networks, there is an increasing 
concern about privacy issues. The user interests, 
locations and other kinds of private information 
can be easily exposed through data analytics [13], 
and even the social circles of people are vulner-
able [14]. The WeChatNet dataset can be used 
to determine which kinds of private information 
might be leaked over the current domains of data, 
and which kinds of strategies could be leveraged 
to degrade the leakage of private information.
Promoting Offline Marketing Activities: Busi-
nesses have seen WeChat as an important offline 
marketing tool, as HTML5 pages redirected by 
scanning QR-codes can provide more information 
to consumers. Businesses have to determine the 
qualification of treating certain potential consum-
ers as a group by observing the stability and the 
activity of the group. This could help them decide 
whether to launch marketing in a certain area 
during a specific time period. Device-to-device and 
vehicular communication technologies are found 
to be efficient in sharing information among users 
[15], which can greatly extend information diffu-
sion in WM via either online or offline channels.
conclusIon
In this article, we present a systematic study to under-
stand how online reposting behaviors of users in 
WeChat will affect computer networks and users’ 
offline behaviors. From the perspective of information 
diffusion, we present an online KOL detection meth-
od that is independent of the number of one’s friends. 
By observing the interaction between friends, we pre-
dict the traffic load in the underlying network with a 
prediction accuracy rate of over 90 percent, which 
FIGURE 4. The visualization of the Geo-homophily on three diffusion graphs: a) before Spring Festival; b) on the Spring Festival day;  
c) baseline network.
(a) (b) (c)
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leads to a near optimal resource allocation. We also 
find that the Dirichlet Process Mixture can describe 
the distribution of the floating population, based on 
which we propose a model using online message 
diffusion to project the offline population distribution. 
Moreover, we point out the future research opportu-
nities of using the dataset we release in understanding 
the impact of online social ties over the offline social, 
business, and political lives.
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FIGURE 5. a) The viewing distribution of a message originated from Beijing; b) results of inferring the floating 
population (FP) that has excluded those whose home and remote regions are the same.
(b)
0 2 4 6 8
Predicted FP distribution x10–3
0
0.005
0.01
0.015
0.02
Re
al 
FP
 d
ist
rib
ut
io
n
(a)
By observing the interaction between friends, we predict the traffic load in the underlying network with 
a prediction accuracy rate of over 90 percent, which leads to a near optimal resource allocation.
